The spatial cross-correlation and power spectra of porosity and log(permeability) sequences are analysed for a total of 750 m of reservoir rock drill-core from four vertical wells in the Brae Formation, an important coarse-grained clastic North Sea hydrocarbon reservoir rock. The well core sequences are 80t4 per cent cross-correlated at zero lag and have power-law-scaling spatial power spectra S(k)31/k b , b#1t0.4, for spatial frequencies 5 km x1 <k<3000 km x1 . The strong spatial cross-correlation of porosity and log(permeability) and the systematic power-law scaling of log(permeability) spatial fluctuation spectra fit into a broad physical context of (1) the 1 / k spectral scaling observed in several hundred well logs of sedimentary and crystalline rock recorded world-wide; (2) the 1/ f spectral scaling of temporal sequences in a wide range of physical systems; and (3) analogy with power-law-scaling spatial fluctuation spectra in a wide range of critical-state thermodynamic systems. In this physical context, the spatial fluctuations of log(permeability) of clastic reservoir rock are interpreted as due to longrange correlated random fracture-permeability networks in a fluid-saturated granular medium where the range j of spatial correlation is effectively infinite. Fracture-permeability spatial fluctuations with long-range correlations and 1/k-scaling spectra have practical implications for geofluid reservoir management. Inadequate models of reservoir flow structure are widely attributed to uncertainty in fault and fracture location and connectivity. As a general phenomenon, spatial configurations of large-amplitude, long-range spatially correlated random fluctuations are unpredictable from the statistics of small-scale samples. The observed 1 / k spectral scaling of porosity and log(permeability) distributions thus implies that large-scale, large-amplitude fracturerelated flow heterogeneity (1) can determine the drainage pattern of crustal reservoirs but (2) cannot be accurately predicted using statistical techniques based on smallscale reservoir samples. Incompatibility of the physics of reservoir heterogeneity and the statistical approaches to reservoir models can thus explain the persistent underperformance of stochastic reservoir models. Accurate reservoir flow models can, however, be determined by direct observation of fluid flow at the reservoir scale. Recent advances in seismic time-lapse reservoir-fluid monitoring may provide data for significantly more effective management of hydrocarbon reservoirs, waste burial sites, mining works and groundwater aquifers.
statistically uncorrelated and hence averaging over a sample population of REVs yields a stable statistical average valid when projected to large reservoir volumes. That is, as briefly summarized in Appendix A, uncorrelated spatial random fluctuations at scales r>j permit a two-parameter-mean and variance-statistical model for handling ignorance of a reservoir physical property structure at scales above the correlation length, range or REV. Sample data sufficient to determine j are often presumed to be available from well logs and well cores, with possible supplements from in situ analogue formations observed in outcrop (e.g. Henriquez & Jourdan 1995; Dalrymple 2001; Dubrule & Damsleth 2001) .
The assumption that spatial fluctuations of physical rock properties are uncorrelated above a scale-length j is not, however, supported by indirect evidence from experience in managing reservoir fluids or by direct physical evidence from well logs. In response to the persistent failure of reservoir models to capture the spatial unpredictability of geofluid systems, traditional statistical methods based on uncorrelated randomness have been adapted to the 'geostatistics' of spatially correlated randomness (Jensen et al. 1997; Chambers et al. 2000; Dubrule & Damsleth 2001) . Geostatistical methods recognize that the statistical variance of rock physical samples can vary with the physical scale of samples (Appendix A), and attempt to realize spatial fluctuation models of rock physical properties that incorporate a range of variances inferred from sample volumes. The phenomenology of geostatistics, however, abandons the testable physical assumption of uncorrelated spatial fluctuations without seeking a clear physical or testable basis for the spatial heterogeneity of the rock physical parameters it attempts to describe. In particular, geostatistical methods do not explicitly recognize the existence of, and inferences from, a systematic power-law-scaling nature of rock physical spatial heterogeneity which is widely documented in well logs and which is evident in the porosity and permeability well core sequences examined in this paper.
The abundant physical evidence for systematic power-law scaling in well log data, and the evidence extending this scaling systematics to porosity and permeability fluctuations in a clastic reservoir, prompts a closer look at the assumptions and procedures used in stochastic modelling of reservoir flow structures. This paper argues that the physical nature of reservoir porosity and permeability spatial distributions seen in well core sequences casts doubt on the adequacy of statistical techniques for producing the accurate reservoir flow models needed to efficiently produce complex hydrocarbon reservoirs and / or to model groundwater systems. In consequence of the power-law-scaling physical nature of reservoir porosity and permeability heterogeneity, we suggest that spatially accurate reservoir flow models must be built from direct observation of individual reservoir flow structure. The most immediate prospects for this modelling strategy are through time-lapse seismic imaging of producing hydrocarbon reservoirs (Biondi et al. 1998; Sparkman 1998 ; van Riel 2000; Christie & Ebrom 2000; Tura & Cambos 2001; Jack 2001 Francis & Pennington 2001 Oil & Gas Industry Task Force 2001) .
Our discussion of well core porosity and permeability spatial fluctuation and its consequences for reservoir modelling begins with brief introductions to the generic spatial fluctuation statistics of well log data, and to the well core porosity and permeability sequences and setting of the Brae oil field in the north-central North Sea. Section 2 displays the spatial correlation, the powerlaw scaling, and the frequency distribution of the Brae Field well core porosity and permeability spatial fluctuations. Section 3 interprets the porosity and permeability distributions in terms of the physics of generic percolation networks in granular media. The physics of the percolation network model of permeability spatial fluctuation implies that the statistical correlation length, range or REV appropriate to crustal reservoirs is effectively infinite, jp?. Numerical realizations of 1 / k-scaling spatial fluctuation distributions visually illustrate how the fluctuation physics of reservoir permeability heterogeneity will probably continue to defeat attempts to produce accurate stochastic reservoir models based on small-scale observation of reservoir properties. We conclude by noting some current and emerging technical means for obtaining the large-scale information about reservoir flow structures needed for more effective models.
Power-law scaling of spatial fluctuations in well logs
Well logs sample the spatial fluctuations of rock physical properties (Telford et al. 1976; Hearst & Nelson 1985) . As discussed in Appendix A, if rock physical properties are uncorrelated in space, the statistics of well logs can be accurately modelled as 'white noise' random number sequences having flat Fourier power spectral dependence, S(k)3k 0 , on spatial frequency k. However, a large sample of well logs, including 245 well logs in crystalline and sedimentary rock in the UK (Al-Kindy 1999) , shows that spatial fluctuations of rock physical properties have power spectra that scale inversely with wavenumber, S(k)31/k, over a three-decade range of scale-lengths, km . Well log data showing 1/k scaling include sonic velocity, mass density, gamma activity, porosity, and resistivity.
Power-law scaling in well logs was observed initially in vertical wells in sedimentary rock (Hewett 1986 ) but is found equally in crystalline rock (Leary 1991) and in horizontal in addition to vertical wells (Leary 1998) . Al-Kindy (1999) finds that formation microscanner log fluctuation sequences in reservoir rock scale as 1 / k in the range m x1 <k<cm x1 , effectively establishing the 1 / k power-law-scaling spectrum over five decades of scale-length in rock. Supporting analyses of well log spectra include those by Wu et al. (1994) , Bean (1996) , Holliger (1996) , Dolan et al. (1998) , Shiomi et al. (1997) , Leonardi & Kü mpel (1998) , Goff & Holliger (1999) , and Stefani & De (2001) .
The observed power-law scaling in well logs is physically compatible with a correlation length j>10 km, the scalelength of crustal thickness, and for purposes of reservoir modelling is effectively infinite (Appendix A; Leary 1997 Leary , 1998 . Appendix A also indicates the physical grounds on which it is accurate to approximate the correlation length of rock as infinite. In either case, in terms of REVs, well log data imply that for crustal rock the smallest REV effectively has the scale dimension of crustal thickness or greater, and hence that no population of REVs exists on which to base stable average properties from which to project the large-scale flow structure of a crustal reservoir.
inferred from well logs. If this were the case, then the effective scale-length j k might be small compared with a reservoir dimension, and hence the means and variances of small-scale permeability samples might yield accurate permeability statistical estimates for modelling large reservoir volumes. North Sea Brae Field well core porosity and permeability sequences do not sustain this hypothesis.
As well log technology does not provide downhole rock permeability measurements (Hearst & Nelson 1985) , permeability sequences are acquired from retrieved drilling core (at much greater expense than logging data). Well core permeability and associated porosity comprising 'poroperm' sequences are part of the routine product of well core analysis (Core Laboratory 1979) . Plugs are extracted at, typically, 1-foot (30 cm) intervals along the well core. Well core porosity w as a percentage of total plug volume is measured by first purging and drying plugs extracted from the drill core, and then flooding the plugs with a known volume of helium gas and observing the drop in gas pressure as the highly mobile gas invades the rock pores. The permeability k of the same plugs is measured by observing the flow rate per unit pressure drop for nitrogen moving through each plug. Table 1 summarizes the well core poroperm sequences available from the central Brae Field. A total of 746 m of well core from four wells provide approximately 1600 sample plugs measured for helium porosity w and air-permeability k at approximately 1 / 3 m intervals for three of the wells and at 2 m intervals in the fourth. Permeability was measured along the horizontal direction of core plugs; spot determinations of vertical-direction permeability were mostly within 50 per cent and rarely more than a factor of 2 from the horizontal permeability.
Oilfield permeability is typically expressed as a fraction of the unit Darcy (D), defined as permitting the flow of 1 mL s x1 of water (dynamic viscosity 0.01 poise) per cm 2 cross-section of rock at 1 bar cm x1 pressure gradient (1 Darcy=10 x12 m 2 in SI units). Typical oilfield permeabilities range from 1 mD to 1 D. Poroperm data tabulated as a function of depth and lithology are used to estimate potential hydrocarbon reserves and to generate prospective reservoir flow models. The central Brae oilfield well cores are typical of a sequence of coarse-grained clastic reservoir formations abutting the western edge of the Central and Viking graben trend in the central North Sea east and northeast of Scotland (Glennie 1996) . The trio of Brae Fields, North, Central and South, cover an area of about 15 km N-S and 7-10 km E-W immediately east of the graben wall (Turner & Allen 1991) . They, with Larch, Birch, Elm, Pine and related hydrocarbon fields, form a long series of isolated submarine fan complexes consisting of breccias and conglomerates deposited adjacent to an important fault system active during the Jurassic. The Brae Field hydrocarbons originated in the mature interbedded and more deeply buried Jurassic-age Kimmeridge Clay Formation sediments.
Central Brae well 16 / 7-3 was an exploration well cored in 1976, and wells 16 / 7a-27 and 16 / 7a-C3 were cored in 1984 and 1990, respectively; in 1991 the latter wells were the primary producers. The Central Brae Field divides into six rock units: (i) sand-matrix conglomerate; (ii) mud-matrix breccia; (iii) thickbedded sandstones; (iv) thin-bedded sandstones alternating with mudstones; (v) interlaminated sandstones and mudstones; and (vi) laminated mudstones. Units (i) and (iii) are the most extensive in the western and central parts of a Jurassic-age submarine fan thinning from west to east. Thinner and finergrained units appear in the more eastern reaches of the fan. The Central Brae units do not carry easily recognized structural horizons, and hence individual units cannot be easily correlated between wells. Core porosities generally decrease with unit depth. In wells 16 / 7-3 and 16 / 7a-27 the bottom cored conglomerates lose reservoir porosity to extensive calcite cementation. Well core poroperm sequences are essentially equivalent to well log data, albeit generally shorter in length. We analyse the well core data as statistical fluctuation sequences in the manner of well log data. Aspects of the broad statistical and physical contexts for power-law-scaling spatial sequences are briefly presented in Appendix A.
2.1 High spatial correlation of Brae Field well core porosity and permeability sequences An essential physical feature of the Brae Field poroperm data is the 80 per cent spatial correlation between fluctuations of log(permeability) and fluctuations in core porosity, shown in Figs 1 and 2. Fig. 1 displays the poroperm spatial correlation through an overlay of normalized porosity and log(permeability) fluctuation sequences for the four Brae Field wells. In order to emphasize the spatial fluctuation statistics as opposed to physical magnitudes, each trace has been normalized to zero mean and unit variance (Appendix A) and hence is dimensionless. As the Fig. 1 normalized traces are not otherwise scaled, the close trace overlays imply that, for each well sequence, porosity and log(permeability) fluctuation are statistically identical. Occasional values for data missing at intense fracture intervals within each core sequence are interpolated by a cubic spline relation with adjacent data; the interpolation interval is the mean interval of the core sample sequence. The 80 per cent spatial correlation between porosity and log(permeability) indicates a physical connection between plentiful pore-space and good interpore connectivity in some regions, and a lack of pore-space and poor interpore connectivity in other regions. This spatial association is discussed below in terms of percolation networks controlled by a spatial fluctuation in the density of percolation fracture defects in the rock matrix.
2.2 Power-law autocorrelation of Brae Field well core poroperm sequences Fig. 3 shows that, in common with well logs, the Brae Field well core sequence spectra scale as a power law in spatial frequency, S(k)31/k b with b#1. The well core scaling exponent ranges between 0.5 and 1.5, with mean value b#0.93t0.44, compared with the well log scaling exponent mean b#1t0.1 over 245 logs (Al-Kindy 1999) .
As indicated in Appendix A, power-law spectra such as those of Fig. 3 indicate that there is internal spatial correlation or organization in the random poroperm fluctuation sequences.
As expected from Figs 1 and 2, the similar spectra indicate that both porosity fluctuations and fluctuations in log(permeability) are spatially organized in roughly the same way and are probably responding to the same physical processes.
Inspection of the 1 / k power-law scaling of Fig. 3 suggests clear consequences for attempts to model reservoir flow heterogeneity stochastically. The observed spatial self-correlation of poroperm distributions implies that, over scale-lengths of metres to hundreds of metres, some spatial regions host large porosity and permeability fluctuations, and some spatial regions have much smaller porosity and permeability fluctuations. Extrapolating from well log data, this range of poroperm spatial selforganization can probably be extended from centimetres to kilometres. This degree of spatial fluctuation would not be expected from spatially uncorrelated fluctuations as posited by statistical models with suitably finite correlation length j.
Spatial self-correlation resulting in 1 / k-scaling spectra implies that individual values of porosity and permeability tend to agree with adjacent values of porosity and permeability. In the language of Mandelbrot (1983) , poroperm trends are 'persistent'. At small scale-lengths, the persistent fluctuations are small and perhaps insignificant. However, the power-law scaling of Fig. 3 indicates directly that small-scale fluctuation trends tend to persist to large scales, and that the large-scale trends systematically have large fluctuation amplitudes. From a reservoir modeller's point of view, it should be disturbing to be confronted with a random system in which the most significant (large-amplitude) reservoir flow structures are defined at the largest scale-lengths, while reservoir samples used for model construction are collected and interpreted at the smallest scalelengths.
A further stochastic modelling difficulty is apparent in Fig. 3 . The spectral amplitudes fluctuate randomly about the 1/k power-law trend. Random spectral amplitude fluctuations mean that, beyond maintaining the 1 / k spectral trend, spectral power at one spatial frequency is unrelated to spectral power at other spatial frequencies. This implies directly that, beyond the inverse power-law trend, there is no way to infer or predict the phase or amplitude of spatial fluctuation power at large scale-lengths from knowledge of fluctuation phase or amplitude of spatial fluctuation power at small scale-lengths. Given the apparent randomness of spectral-domain phase and amplitudes, it appears fundamentally fruitless to expect significant space-domain reservoir structure information on large-amplitude, large-scale to emerge from space-domain reservoir structure information from small-scale samples.
Correlated and uncorrelated spatial fluctuations of Brae Field porosity and log(permeability)
Clastic reservoir formations usually comprise multiple sedimentary units with a probable range of poroperm relations due to variations in grain size, grain sorting, cement distributions, sedimentary fabric, and lithology mix. These sedimentary factors may or may not be physically or spatially correlated with the spatial fluctuations that produce the power-law scaling of Fig. 3 . The degree of sedimentary complications can be inspected by cross-plotting poroperm data with porosity on the horizontal axis and log(permeability) on the vertical axis, as in the scatter-plots of Fig. 4 .
The principal features of the Fig. 4 scatter-plots are (1) a single overall straight-line trend in each plot describing the overall relation between w and log(k) in the rock sampled by the Brae Field well core; (2) a good deal of random scatter about the overall trend line; and (3) evidence for slightly different subtrends in one or two of the scatter-plots. While the single main trend suggests the contribution of the overall scaling process revealed in Fig. 3 , the subtrends suggest the contributions from different formations in a single well core sequence.
If 1 / k spectral scaling spatial organization of permeability fluctuations in a porous medium were the only factor in the poroperm spatial correlation, Fig. 1 spatial correlations would approach 100 per cent and the scatter-plots would be narrow lines. At the other extreme, if no spatial relation existed between porosity and log(permeability), or if sedimentary complications were dominant, the scatter-plot data would randomly fill the grid and no overall trend would be apparent. In order to quantify the role in the scatter-plot distribution played by spatially uncorrelated random processes compared with spatial correlation processes leading to 1 / k scaling in the well core sequences, Fig. 5 simulates scatter-plots of varying degrees of uncorrelated spatial fluctuations superposed on correlated spatial fluctuations consistent with Fig. 3 power-law scaling.
The synthetic poroperm scatter-plots of Fig. 5 are generated by plotting a 1 / k-noise synthetic porosity sequence along the horizontal axis, and plotting along the vertical axis the same synthetic number sequence but contaminated by a certain percentage of additional uncorrelated random noise. Each scatter-plot is labelled with three percentages. Percentage N fixes the amplitude of the uncorrelated noise relative to the spatially correlated noise that is added to the horizontal axis sequence to produce the vertical axis sequence. Percentage X is the spatial correlation between the two synthetic data sequences, as in Figs 1 and 2. Percentage R is the ratio of the long to the short axis of the ellipse enclosing the scatter-plot data. Large R implies a thin ellipse and strongly defined trend. The upper left scatter-plot indicates that as much as 67 per cent of additional uncorrelated random fluctuation noise in a log(permeability) sequence is consistent with 80 per cent spatial correlations as in Fig. 1 . Successively higher percentages N of uncorrelated random noise injected into the log(permeability) sequence successively degrade the percentage spatial correlation X between the porosity and log(permeability) sequences. When uncorrelated spatial fluctuations are several times greater in amplitude than spatially correlated fluctuations, no porosity-log(permeability) trend is evident. overall trend, and does not negate the evidence in the Brae well core sequences for an underlying physical process associating permeability (pore-connectivity) with porosity (pore density). Fig. 6 shows that populations of point porosity and log(permeability) fluctuation amplitudes are essentially normally distributed. That is, there are few abnormally small or abnormally large deviations from a population mean. However, while spatially uncorrelated fluctuations tend to generate normal distributions due to the statistics of uncorrelated numbers (Appendix A; Jensen et al. 1997; Falconer 1990) , normally distributed populations do not imply that the population elements are spatially independent. As indicated by the power-law spectra of Fig. 3 , systematic spatial correlation or clustering occurs within each normally distributed population of porosity and log(permeability). The essential point is that in crustal rock the population of normally distributed spot poroperm fluctuations is organized spatially into large-scale, large-amplitude flow structures that vastly exceed in physical significance what might be expected on the basis of statistical deviations from the mean value.
Brae Field porosity and permeability frequency distributions
The diagnostic physics of the Brae Field poroperm fluctuations is not expressed in the normal distribution of point fluctuations, which reflects the total system energy but does not reflect system organization. Rather, the diagnostic physics of the poroperm distributions is expressed in the spatial organization of microscale physical elements that generate the observed macro-scale poroperm spatial fluctuations of Fig. 3 , which is more closely related to the total system entropy. Section 3 addresses the physical and modelling issues presented by the Brae Field poroperm properties of Figs 1 to 6. give the log(permeability) sequence; large N yields fat scatter-plots and looser apparent trends associating high / low porosity with high / low permeability. Parameter X is the percentage cross-correlation between porosity and log(permeability) sequences as displayed in Fig. 1 . The elliptical shapes estimate the degree of amplitude correlation in the scatter-plots; parameter R gives the percentage ratio of the longer ellipse axis to the shorter ellipse axis number of implications for the physical aspects of porosity and permeability for (single-phase) fluid flow in reservoirs. These aspects are discussed in the context of a generic micromechanical view of rock deformation. This physical viewpoint allows microscale processes in clastic rock to scale upwards to produce the macro-mechanical spatial properties observed in the Brae Field well core poroperm sequences.
For several reasons, we focus on the micro-mechanics of clastic reservoirs comprising sands, sandstones, sandy shales and related sediments derived from mineral grains transported by surface processes. Carbonate reservoirs derived from slow marine deposition of calcite debris, and fluid-rich unconsolidated deltaic reservoirs, are left for further investigation [although the well log and well core evidence of Stefani & De (2001) indicates 1 / k-scaling for both these rock types]. Empirically, field evidence for power-law scaling is abundant for clastic reservoirs and their more deeply buried equivalents of metamorphic-grade and igneous crystalline rocks. Conceptually, grain-scale micro-mechanics and fluid chemistry are simpler in clastic formations. Mineral grains of clastic rocks tend to have significantly greater elastic moduli than the rocks themselves, and pore space between durable and chemically inert grains provides a starting point for fluid percolation structures. The chemistry of clastics is likely to be simpler, as clastic minerals Power-law scaling of porosity and permeability core sequences 433 GJI 148, [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [437] [438] [439] [440] [441] [442] tend to be significantly less water-soluble than carbonates, thus reducing the complication of chemical cement dissolution, precipitation and transport. Table 2 quantifies the micro-mechanical distinction between clastic and carbonate / unconsolidated reservoir rock. Seismic wave speeds of the clay and quartz mineral components of clastic reservoir formations are significantly larger than the wave speeds of the higher-velocity clay formations and sandstones, while the wave speed of limestones can approach the wave speed of its constituent mineral. The reason for this difference is essentially the high pore content common in clastic rocks, which does not necessarily apply to carbonates. At the same time, the low-end wave speeds for clays reflect the realm of fluid-rich unconsolidated deltaic reservoir rock as in the Gulf Coast oilfields.
The following sections introduce and build on a simple generic grain-scale micro-mechanical picture of a clastic reservoir, which draws together the following general physical and statistical features of the Brae Field poroperm spatial fluctuation data.
(1) Spatially fluctuating rock processes controlling porosity in (clastic rock) formations control permeability across a wide range of scales relevant to reservoir flow structure.
(2) Since porosity measured by well logs has power-lawscaling properties S(k)31 /k in the 1 cm to 3 km scale range, log(k) can be expected to have power-law-scaling properties reaching from small scales (<1 m) to whole-reservoir dimensions (1-10 km).
(3) Porosity and log(k) fluctuations tend to be normally distributed; while this means that permeability fluctuations tend to be log-normally distributed, it is likely that the physical significance of log-normal permeability distributions lies in the pore-connectivity of normally distributed porosity fluctuations through the relation k3exp( f (w)).
(4) The broadband (submetre to hundreds of metres) powerlaw scaling of the well core sequences connected to 1 / k-noise scaling of well logs from submetre to kilometres indicates that non-power-law forms of poroperm relations expressing only pore-scale physics, for example the Carman-Kozeny relation k3w 3 /(1 -w) 2 (Jensen et al. 1997) , have little application to the observed large-scale heterogeneity, and suggests that microscale physical understanding of poroperm distributions should focus on explicit recognition of and accounting for the observed power-law scaling.
(5) For spatially correlated fluctuations of poroperm reservoir properties, the statistics of small-scale fluctuations do not constrain the statistics of large-scale fluctuations, and hence it is not possible to infer large-scale flow structures accurately from small-scale reservoir sample formation data.
3.2 Permeability as long-range spatial organization of percolation defects in a granular matrix As indicated in Section A4, a range of physical systems show power-law-scaling organization S(k)31/k b , governed by a narrow range of power-law-scaling exponents b#1 and expressed over three decades of scale range 5 km x1 <k<3000 km x1 . Since a narrow range of exponents appears to control a wide range of power-law-scaling physical systems, an underlying 'generic' physical process is inferred to determine macro-scale power-law-scaling spatial distributions without particular regard for the details of the microscale physics. Applying this perspective to rock physical properties and permeability, we may say that a 'generic' process leads to 1 / k-spectral scaling in well logs and well cores, and that that process is essentially independent of, or indifferent to, the details of the grain-scale assemblage of rock formations. From this general perspective, we can identify several generic features of (clastic) crustal rock: (1) granularity of (clastic) mineral grains; (2) brittle fracture of cements and grains with finite strain; (3) water saturation of crustal rock; and (4) on-going tectonic finite strain throughout the Earth's crust at rates that exceed the ability of fluid chemistry to heal the brittle fracture damage.
These features of clastic rock tectonic deformation are generic in the sense that the rock physical / geological details such as sedimentary / crystalline origin, sedimentary architecture, grain sorting, mineral types, and depositional history are minor perturbations to an otherwise abstract or conceptual physical process involving tough grains forming a porous matrix. This assessment is directly supported by Figs 3 to 5, which indicate that sedimentary details of power-law-scaling clastic rocks are secondary to the 1 / k spectral scaling feature of well log and well core data.
The generic approach to the power-law scaling of Fig. 3 takes rock as a binary population comprising a majority population of intact grains playing host to a minority population of fractured grains or defects associated with microscale percolation pathways. The granular matrix is the standard Gassmann / Biot construct for porous rock (Wang & Nur 2000) . However, we deviate fundamentally from the Gassmann / Biot granular model by focusing attention on percolation-promoting defects such as grains and grain-sites damaged during tectonic finite-strain deformation. The damage sites can be regarded as percolation defects since grain-scale fractures and associated cement disruption are likely to be more porous than the intact matrix. While the detailed microphysics of defect creation in the rock matrix may be complex, the essential physical scaling mechanics are simple: successive percolation defects are more likely to appear where previous finite-strain defects have already weakened the rock and where, therefore, strain is able to concentrate. There is a built-in positive spatial correlation or feedback favouring the growth of damage centres. Accordingly we can say, as in Appendix A, that the spatial correlation function is positive, X(r)=nW(x)W(x+r)m>0, for defect structures, and the positive spatial correlation scales with size r. Hence we Table 2 . Comparison of P-wave velocities for (left) constituent minerals of common rock types and (right) the common rock types. Mineral wave speeds from Wang & Nur (2000) ; rock type wave speeds from Telford et al. (1976) . For porous, clastic rocks (higher-speed clays and sandstones), the maximum seismic wave speeds are significantly lower than the wave speeds of individual mineral components; for lowporosity limestones and granites, the maximum wave speeds are the same as the wave speeds of the constituent minerals; low wave speeds in clays are due to fluid-rich unconsolidated rock. have precisely the condition leading to a power-law-scaling distribution of percolation defect clusters (Appendix A; Mandelbrot 1983 Mandelbrot , 1999 Herrmann 1991; Koledoye et al. 2000; Laubach et al. 2000; King et al. 2001) . The observed 1/k spatial scaling of rock porosity fluctuations is thus seen as physical organization of the minority population of grain-scale percolation defects within the matrix of the majority population of intact grains. Permeability fluctuations in (clastic) rock are in turn governed by how well the percolation defects are connected. For clastic rock, one can visualize the micromechanics of brittle failure as proceeding by one of two highly localized microphysical events: (1) the rupture of a cement bond between intact grains; and / or (2) the shattering of a weak grain in pointcontact with other grains. Fractures or deformation bands in carbonates and / or fluid-rich unconsolidated sediments may possibly behave in a similar manner. Given the low solubility of clastic mineral grains, the micromechanics of clastics can be seen as working on a relatively stable population of pores with reduced complication from, say, the chemistry of calcite cement solution and dissolution.
Building on the observed power-law-scaling phenomenology of thermodynamic critical-point systems (Section A4), we may say that, when the population density P of finite-strain-induced percolation defects reaches a critical value P crit , the percolation defects organize into large-scale long-range spatially correlated percolation networks. Such large-scale percolation networks mean that at least one spatial organization network eventually correlates across the entire reservoir system. The reservoirspanning correlation network is described in terms of an arbitrarily large (singular) correlation length j31/ d|PxP crit |p? (Feder 1988; Stauffer & Aharony 1994 ; Binney et al. 1995; Leary 1997; Kadanoff 2000) . In analogy with thermodynamic critical-point phase transitions, as jp? the spatial frequency power spectrum becomes a strict power law, S(k) 3 1 / k b , 0.5<b<1.5, as observed in Fig. 3 for the Brae Field poroperm sequences, and in hundreds of well logs examined by Al-Kindy (1999) and others. At the same time, the associated spatial correlation functions (Fig. 2) approach the power law x(r)31/r 2 at lags up to 10 samples (approximately 3 m) before being lost in correlation noise due to the spatially random details of sedimentary complexity evident in Fig. 4 .
The relation between the porosity and permeability spatial fluctuations of Figs 1 and 2, w3ln(k), has a natural explanation in the percolation defect picture. The presence or absence of a few defects is essentially an additive process that has an incremental impact on porosity. It follows that porosity fluctuations due to the scale-independent spatial organization of defects inferred from Fig. 3 can be bounded and normally distributed as in Fig. 6 . For permeability, however, spatial organization has an entirely different significance: the presence or absence of a few defect connections can greatly affect flow permeability (connectivity) while not affecting the porosity. High permeability occurs where a large number of porosity defects are present only if the porosity defects are spatially connected. The conditional probability or serial nature of connectedness means that permeability can fluctuate over a wide range of values simply due to chance-driven small-scale defect connectivity fluctuations (Montroll & Shlesinger 1983) . The conditional probability aspect of permeability has an essentially multiplicative nature: a single 'veto' factor in the form of a missing connection can interrupt an otherwise complete percolation pathway. The logarithm of a multiplicative process is, however, additive, and hence can generate the normal distribution of log(k) seen in Fig. 6 . For normally distributed porosity fluctuations, permeability fluctuations given by k 3 exp(w) are log-normally distributed. The long high-permeability tails associated with log-normal distributions are the statistical aspect of the large-scale long-range random correlation percolation structures that can dominate a reservoir flow structure.
This microphysical model of poroperm spatial fluctuations concisely explains the observed Brae Field distributions and is consistent a wide range of well log data. The simplicity of the model permits 2-D and 3-D numerical distributions to accurately simulate poroperm spatial property distributions with which to investigate the relation between small-scale fluctuations and large-scale fluctuations. Before looking at numerical simulations of poroperm distributions, however, we pose a simple hypothesis about poroperm data in rock viewed as a 'critical' medium. This hypothesis could help bridge a potential conceptual gap between smaller-scale fractures and larger-scale faults.
Criticality and the k3exp( f (w)) poroperm relation
There is clear motivation to understand the poroperm relation in terms of a functional form of porosity f (w), such that porosity w at a point in the reservoir rock is associated with a permeability k3exp( f (w)) at the same point. A simple relation is a linear form f (w)=a(wxw min ), where w min is the minimum porosity value specific to a particular formation and a is a constant specific to the formation. The linear form does not, however, embody the sense of poroperm criticality that appears physically reasonable from the generic power-law-scaling nature of well log and well core fluctuation sequences. Accordingly, one may consider f (w) in the normalized form f (w)=awk / (w crit xwk), where wk=wxw min , and w crit indicates that, near a certain 'critical' defect-concentration (porosity), the defectconnectivity (permeability) rapidly becomes very great. For porosities near w crit a critical percolation pathway may span a local reservoir volume in what is virtually a fault with arbitrarily large permeability. Fig. 7 applies the criticality poroperm relation to the Brae Field data of Fig. 4 . If a criticality form of porositypermeability has physical meaning, log(k) will have a tendency to grow more rapidly at higher values of porosity. The Brae Field data do not require critical-point tendency for the range of critical porosity values w crit #40 per cent as modelled in Fig. 7 . However, the criticality form of the poroperm relation may indicate that the core samples used to determine poroperm sequences systematically exclude the most permeable reservoir sections. High-permeability zones in core samples may be routinely omitted from the poroperm drill-core data sequence either because the permeability of fractured core cannot be measured, or because there is a core-analyst perception that fractured core is not proper rock and therefore should not be included in the poroperm sequence. In either case, a conceptual bias may exist in establishing a physical model for permeability in hydrocarbon reservoirs.
Two additional considerations may have physical significance for the idea of critical porosity illustrated in Fig. 7 . Stauffer (1991) cites cellular automata constructions of fracture network permeability that exhibit porosity dependence in the form of a critical porosity expression, k3exp[aw /(1xw)], a#6.
As numerical experiments are not subject to the bias that may
Power-law scaling of porosity and permeability core sequences 435 GJI 148, [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [437] [438] [439] [440] [441] [442] be at work in assembling oilfield poroperm sequences, one can include permeability computed at high porosities, and hence numerically realize the physics of critical porosity. Second, porosity in the range of 40-60 per cent approaches and exceeds the porosities of packing of uniform spheres. Porosities much above the w crit #40 per cent of Fig. 7 thus may represent the physical breakdown of ordinary grain structures and not merely physically meaningless values of an empirical model parameter 0jwj1.
3.4 Implications of the Brae Field poroperm data for stochastic reservoir modelling The columns of Fig. 8 show porosity distributions over different ranges of spatial frequency. The left-hand column shows fluctuation structure over eight octaves of spatial frequency, the centre column over a three-octave low passband (spatial frequencies 1-8), and the right-hand column over a five-octave high passband (spatial frequencies 9-256).
According to our micromechanics, we can associate low poroperm regions (say, lighter shaded regions) with low defect density and low connectedness between porosity / permeability defects; such regions therefore maintain local or matrix permeability and have low storage and are relatively slow to drain.
On the other hand, regions of high poroperm amplitude (say, darker regions) have a high density of defects that generate large-scale connectedness between porosity/ permeability defects and yield long-range correlated permeability spatial structures; such regions contain the majority of geofluid (high porosity) and drain relatively quickly (high permeability). The spatially connected high-permeability clusters (dark regions) define the reservoir-defining geofluid storage volumes and flow pathways for single-phase fluid flow.
The centre and right-hand columns of Fig. 8 , showing, respectively, the low-spatial-frequency and the high-spatialfrequency fluctuation partition of the left-hand broadband spatial poroperm patterns, contain very different information about the significant reservoir poroperm structure. The lowfrequency (long-wavelength) data contain the essential spatial patterns of the original fluctuation distributions, while the highfrequency (short-wavelength) data contain no information about the large-scale spatial structure of the reservoir.
We interpret the numerical patterns of Fig. 8 to embody at least three physical aspects of poroperm data that do not appear to be adequately represented in statistical thinking about geofluid reservoir structure.
(1) Porosity and log(permeability) are spatially autocorrelated at all scale-lengths, and hence sampling volumes in which porosity / permeability is high (good storage / drainage) or low (poor storage / drainage) may provide accurate local information but do not provide adequate average property estimates that can be reliably extrapolated to arbitrary distances, as, say, from well to well. To test this, consider sampling the right-hand panel fluctuations to try to infer the statistical mean or variance of the centre-panel fluctuation structures. Figure 7 . Brae Field scatter-plot poroperm data fit to the poroperm curve log(k)=awk / (w crit xwk), where wk=wxw min , the scale parameter a#5t2, and the 'critical porosity' w crit #40 per cent. Critical porosity curves suggest that, if well core poroperm sequences systematically included measurements of high-permeability fractured intervals of well core, the high-porosity, high-permeability trend would accelerate to increasingly large permeabilities, as indicated by the curve.
(2) 1 / k-scaling spatial distributions of porosity and log-(permeability) associate the largest-amplitude fluctuations with the largest-scale structures (patterns of lightest and darkest shades extend across large areas of the numerical reservoir section), but the poroperm configurations are spatially erratic and cannot be reliably predicted from sample statistics. To test this, consider sampling the two right-hand panel fluctuations to try to infer the difference between the centre-panel fluctuation configurations.
(3) Large porosity spatial fluctuations associated with intense fracture intervals in well core are seen as part of a 1 / k-scaling permeability structure continuum, and hence are recognized as diagnostic of the overall power-law-scaling character of reservoir fluctuations; strong spatial fluctuations in, the past often seen in terms of arbitrary faults that compartmentalize otherwise quasi-uniform poroperm units are now part of the physics of the power-law-scaling continuum of fluctuation amplitudes and scales.
The features of Fig. 8 represent plausible deficiencies in stochastic reservoir modelling that can explain how and why reservoir models are widely considered to be inadequate (Biondi et al. 1998; Sparkman 1998; van Riel 
C O N C L U S I O N S
Sequences of well core porosity and permeability or 'poroperm' data from an oilfield clastic rock reservoir can be described as a form of power-law-scaling spatially correlated random fluctuation noise in which porosity and permeability are closely linked rock properties. The defining character of the well core poroperm fluctuations, in common with hundreds of well log fluctuation sequences from sedimentary and crystalline rock, is a power-law frequency spectrum that scales inversely with spatial frequency, S(k)31 /k. The consequence of 1 / k-scaling poroperm spatial fluctuations is that the largest fluctuations of porosity and permeability occur over the largest physical dimensions. The close association of porosity and permeability means that a reservoir hosts both large porosity structures with high storage capacity and high permeability, and equally large porosity structures with low storage capacity and low permeability. The large-scale poroperm structures are essentially noise structures whose spatially erratic configurations are unconstrained by, and unknowable from, the small-scale poroperm sampling afforded by well core data and related conventional means of building reservoir models.
When reservoir well log or well core sampling data are analysed by conventional statistical methods, the spatially erratic permeability structure of the reservoir goes undetected. Conventional reservoir models ignore the fundamental spatial fluctuation scaling nature of clastic rock heterogeneity, and hence do not properly interpret the statistical outliers represented by the large-scale large-amplitude permeability fluctuation spatial distributions. Geostatistical methods of generating stochastic reservoir models cannot provide adequate structural constraints on individual reservoir poroperm structure. Such statistical models of reservoirs do not, it appears, provide effective geofluid resource management.
The nature of reservoir heterogeneity implies the need for better flow-structure data to build more effective reservoir models, as is increasingly articulated in the hydrocarbon industry (Biondi et al. 1998; Sparkman 1998 ; van Power-law scaling of porosity and permeability core sequences 437 GJI 148, [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [437] [438] [439] [440] [441] [442] the basis of the forgoing evidence, it is understandable why poorly resolved oilfield reservoir heterogeneity results in large volumes of (bypassed) oil undrained by production wells, and that standard reservoir models are typically unable to guide effective remedial or infill well siting, or to provide detailed evidence of flow patterns to effectively guide well maintenance schedules.
While there is little or no poroperm data for groundwater aquifers, there is no reason to suppose that groundwater reservoirs are not equally impacted by the complexity of powerlaw-scaling poroperm heterogeneity. In the case of waste isolation repository characterization at Sellafield, UK, extensive well log data show 1 / k-scaling noise (Al-Kindy 1999). After lengthy and costly studies, the uncertainty in risk assessment of waste repository flow-isolation remained unacceptably high and the Sellafield Site Characterization Project was abandoned (Haszeldine & Smythe 1996) . Rock-property unpredictability in tunnelling and mining remains a difficult problem that can only be addressed by adequate data sampling (e.g. Inazaki et al. 1999; Kneib, Kassel & Lorenz 2000) .
Acknowledging the difficulty in using small-scale sampling data to constrain 1 /k-scaling noise permeability structure models should lead to developing technical means to acquire the largescale structure data needed to accurately build reservoir flow models. Practical strategies are emerging for acquiring the requisite data. For hydrocarbon production, successive highresolution time-lapse seismic imaging is successfully detecting spatially localized oil-water substitution events at the large scales most relevant to the reservoir (Christie & Ebrom 2000; Tura & Cambos 2001; Jack 2001) . The monitoring of large reservoir volumes surrounding individual oilfield production wells with time-lapse seismic backscattering images appears feasible (Leary 2002) .
It is harder to envision time-lapse seismics for the lowporoperm reservoir formations suitable for projected nuclear waste repository sites, such as Sellafield in the UK, or for groundwater aquifer exploration or remediation. However, in the former case, a direct approach centred on extensive horizontal drilling to sample the in situ flow structure at scales well in excess of 1 km can be conducted at costs far below the sum allotted for site excavation. The risk of not intersecting a critical percolation pathway that can compromise a tight reservoir can be readily assessed through properly scaled stochastic models based on well log and core data and on interwell pressure data. If major critical pathways were intersected in a candidate repository volume, a waste repository site either could be abandoned or the appropriate localized remedial action taken.
The large volumes of groundwater aquifers and the problem of remotely detecting groundwater contaminants complicate the task of devising low-cost strategies to build and use accurate models of groundwater aquifers. However, the cost of well infrastructure similar to that deployable at candidate waste disposal sites could be better justified if the power-law-scaling complexity of geofluid reservoirs were more widely and comprehensively understood. The technology of seasonal gas storage in reservoirs suggests the potential for gas injection into aquifers as a means of providing target volumes for suitably low-cost, highresolution time-lapse seismic imaging (Leary 2002; Yuh & Gibson 2001) .
The physics of reservoir heterogeneity strongly implies that improved management of geofluid resources or hazards is likely to require new observational means for in situ flow-structure mapping. The sooner the need for in situ reservoir flowstructure observation is clearly recognized, the sooner adequate technical means will be achieved. 
R E F E R E N C E S A P P E N D I X A : I N F I N I T E C O R R E L A T I O N L E N G T H A N D O T H E R S T A T I S T I C A L F E A T U R E S O F W E L L L O G F L U C T U A T I O N S E Q U E N C E S
Well logs of reservoir drill holes provide reliable spot measurements of rock physical properties such as sonic velocity, mass density, gamma activity, porosity, electrical resistivity and Power-law scaling of porosity and permeability core sequences 439 GJI 148, [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [437] [438] [439] [440] [441] [442] chemical abundances (Telford et al. 1976) . The spot measurements are historically viewed as deterministic data to be used in any or all of three ways (e.g. Chambers et al. 2000; Dubrule & Damsleth 2001) : (1) anchor reservoir models with specific rock property values; (2) compare rock physical properties in the same well in order to characterize a reservoir formation; (3) compare rock properties between wells in the same reservoir to identify / verify structural and geological trends at or below the resolution of seismic imaging.
Modern high-dynamic-range digital well logs can be viewed as a readily accessible source of broadband statistical fluctuation data rather than as deterministic local physical properties data. Spatial fluctuations of in situ rock properties span scale-lengths from the tool length (typically 1-3 m but as little a 1-3 cm) to the log length (typically hundreds to thousands of metres). When viewed as generic broadband statistical fluctuation sequences, well log fluctuations establish a consistent picture: 1 / k powerlaw spectral scaling largely independent of the rock physical property, the rock geological type, or observation scale between centimetres and kilometres (see Section 1.1 references). The stable 1 / k scaling character of well log power-laws is prima facie evidence that, for reservoir fluctuation statistics, a generic 1/k-scaling model of spatially correlated random sequences is physically more accurate than the standard generic 'white noise' (flat or 1 / k 0 spectrum) model of spatially uncorrelated random sequences. This Appendix looks at the statistical and physical meaning of well log and well core fluctuations.
Let W(x) denote a (finite) sequence of spatially varying values of a rock physical property measured by a borehole logging tool at regular intervals j=iDx, i =0, 1, 2, . . . n. To focus on the statistical aspects of spatial fluctuations as in Fig. 1 , sequence W(x) is normalized to sequence w(x) with zero mean and unit variance. With sequence averaging denoted by angled brackets n . . . m, the log sample mean is removed, W(x)= W(x)xnW(x)m, and variance determined, V{W(x)}=nW ( 
A1 Variance of spatially uncorrelated and spatially correlated random sequences
A key question regarding statistical samples is how representative of a quasi-continuous rock physical sequence is a finitely sampled log? This question may have little import if the physical values of the quasi-continuous rockmass are spatially independent (i.e. if well logs are essentially 'white noise'). In this case, rock is similar to a gas at rest or in a slow state of laminar flow: pressure is effectively uniform at all but the smallest fluctuation scales, or is slightly stratified due to external physical conditions. For independent random numbers, the sample interval is of little importance (provided the interval is not too small), since values independent over one scale-length are independent over a different scale-length. If, however, the physical properties of the rockmass are spatially related over some distance, called the correlation length or range j, then individual samples may not be spatially independent. Rock heterogeneity may then have similarities to gas in turbulent motion, where the amplitude of pressure fluctuation depends strongly on the scale of the measurement, and the fluctuations may have little direct connection with external physical conditions.
The importance of scale in rock physics can be quantified using the spatial correlation properties of well log sequences. Suppose two (essentially) continuous functions W(x) and Y(x) of a physical property are measured across a rock volume. In a finite-energy physical system, the means nW(x)m and nY(x)m are finite, and the variance of the sum W+Y is
Condition nW(x)Y(x)m#0 is necessary and sufficient to yield the familiar statistical property that the combined variance of two independent processes is the sum of the variance of each process taken independently. This condition is characteristic of a gas at rest or in laminar flow, and is the basis for the standard treatment of random error and uncertainty in which it is assumed that the overall variance of a multiple-parameter system is the sum of the variances of the individual parameter fluctuations (Jensen et al. 1997) . Substituting Y(x)=xW(x+r) reveals the role of spatial correlation systematics of fluctuations within the same process realized at different places [or times if W(x) is a temporal sequence]:
If there is no systematic correlation between fluctuations separated by scale distance r, x(r)=0, and the property of an independent random sequence is recovered, V{W}=V{W(x+r)}. However, if there is internal spatial correlation in the well log, the variance of spatial fluctuations is no longer independent of the scale-length r.
Before applying the correlation function x(r)=nW(x)W(x+r)m to rock fluctuation sequences, note that Fig. 6 establishes the population of rock property fluctuations as more or less normally distributed. The population of rock physical fluctuations has (1) few very small values; (2) few very large values; (3) a welldefined mean value; and (4) a well-defined variance. The population mean and variance can robustly renormalize the population to zero mean and unit variance, and we treat any random sample of the normalized well core fluctuations as being evenly distributed about zero and having variance near one. We do not, however, make any assumption about spatial correlations within the population of physical property fluctuations. This is the task of the spatial (or temporal) correlation function.
The important feature of well log and well core fluctuations lies in how the fluctuations tend to be correlated in space. The systematics of small-scale fluctuation spatial correlation is captured in cumulative sums of the random fluctuations such as the correlation function. If there is no tendency for smallscale spatial fluctuations to cluster or to anticluster, that is, if the small-scale fluctuations are independent, the sum over N fluctuations has variance V{S N w(x)}#N since each fluctuation w(x) has unit variance and for independent fluctuations the variance of the sum is the sum of the variances. If, however, spatial correlations exist within the well core sequences, the variance of cumulative sums will be altered. For positive spatial correlations, the variance of a sum will tend to exceed the variance of independent fluctuations, V{S N w(x)}>N. If the spatial correlations are negative, the variance of the sum will tend to be smaller than the variance of independent fluctuations, V{S N w(x)}<N.
Following Mandelbrot (1983; see also Falconer 1990 ), variances over cumulative sums of well log and well core fluctuations are parametrized by a power-law scaling exponent H: V{S N w(x)}3N 2H , 0jHj1. A spatially uncorrelated random medium is characterized by H=1 / 2, while Hl1 / 2 parametrizes spatially correlated random sequences. The variance of the difference between two well core trends over sequence indices r and xr from a fixed point in the fluctuation sequence
The variances of the cumulative sums over indices +r and xr are equal: V{S r w(r)}=V{S r w(-r)}=r 2H . Using X(r) to denote the spatial correlation function over trends in the rockmass, X(r)=nS r w(r)S r w(xr)m, the scaling property of the spatial trend correlation function is
When H=1/2, X(r)=0 by construction and there is no spatial correlation of trends. For positive correlations of the smallscale spatial fluctuations, H>1/2p1, the normalized trend correlation function is positive, X(r)/r 2H =(2 2Hx1 x1)p1. For negative small-scale spatial fluctuation correlations, 1/2>Hp0, the normalized trend correlation function is negative, X(r)/ r 2H =(2 2Hx1 x1)px1/2. The normalized correlation trends X(r) /r 2H =(2 2Hx1 x1) are independent of the trend length r. For positively correlated media, say H=1, the variance and trend correlation function grow faster than for uncorrelated media, V{S r w(r)}=r 2 >r, and X(r)3r 2 >0. Rock is characterized by H=1 as seen Section A2.
A2 Spatial frequency power spectra
For media with positive spatial correlation, H>1/2, the growth of the variance and correlation function as a function of sample scale r is a statement of the characteristic property of crustal rock that fluctuation amplitudes increase with fluctuation dimension. This feature is also evident in the 1 / k-scaling of the fluctuation spatial frequency power spectra. The associated power spectrum of the trend correlation function for the positive spatial correlation case H=1, X(r)3r 2 , scales as 1 / k 2H+1 (Mandelbrot 1983; Falconer 1990) . As this spectrum refers to the cumulative sum of the well log and well core fluctuations, the scaling of the well log and well core sequence power spectra is
=1/k, in agreement with observation. Crustal rock thus features maximal positive spatial correlation of its fluctuation population, H=1. As the value of H is independent of scale-length r, the same spatial correlation applies for crustal spatial interaction at all scale-lengths. There is no correlation length implied by the spatial clustering analysis of random media. When H=1/ 2, the case for independent fluctuation data, the associated power spectrum is the flat spectrum of white noise,
A3 Correlation length and power-law-scaling fluctuations
A correlation length j can in principle mark the transition between scales at which x(r)l0 and scales at which x(r)=0. The existence of a correlation length characteristic of a given fluctuation sequence W(x) can be established empirically as the range j beyond which the correlation function is systematically small, j=min(r), fornx(r)m#0 (Davis et al. 1994) . A standard finite range trial correlation function, x(r)=exp(xr/j), illustrates this empirical measure. When r<j, spatial correlations are strong, x(r)#1, but when r>j, spatial correlations are weak, X(r)#0. The empirical test for correlation length yields
When physical parameter averages are conducted over distances that exceed the correlation length j, L/j&1 and the mean correlation function nx(r)m tends to zero. It can then be assumed that large-scale spatial correlations are independent, and largescale trends average to a stable variance:
Vf'ðxÞ À 'ðx þ rÞg?2Vf'g as sðrÞ ¼ S'ðxÞ'ðx þ rÞ?0 :
Section A2 established that the cumulative trend correlation function characteristic of crustal rock scales as the second power of the scale-length r, X(r)3r 2 , and hence that the spectrum of individual well log and well core sequences scales with spatial frequency as 1/ k. To estimate the value of the correlation length j characteristic of rock, it is simplest to employ the relation of the power spectrum S(k) in spatial wavenumber k as the cosine transform of the spatial autocorrelation function x(r) (Falconer 1990 ). In three dimensions, S(k)32p b dr r 2 x(r)cos(kr). The equivalent well log fluctuation sequence correlation function x(r) is also power-law, x(r)31/r 2 , in the scale-length range of well log observation 1/k min #3 cm to 1/k max #3 km.
The above analysis for correlation length j breaks down for power laws. The integrals do not converge. This is not surprising as a fundamental feature of power-law scaling is that there is no effective scale-length (aside from physical boundary limits such as, say, the minimum size of mineral grains and the maximum thickness of the crust). A purely statistical analysis thus does not provide sufficient guidance in the case of powerlaw scaling. There are, however, physical observations that deal with power-law-scaling fluctuations. Section A4 introduces the physical observations that associate an infinite correlation length jp? with the power-law-scaling fluctuation spectra that characterize crustal rock.
Power-law scaling of porosity and permeability core sequences 441 GJI 148, [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [437] [438] [439] [440] [441] [442] Downloaded from https://academic.oup.com/gji/article-abstract/148/3/426/821106 by guest on 02 January 2019 A4 The physical association of infinite correlation length with power-law scaling Beginning 100 years ago, a number of thermodynamic systems have been observed to exhibit macroscopic spatial correlations that vastly exceed the microscopic scale of the interacting elements. Under these conditions, power-law scaling of spatial fluctuation amplitudes are routinely observed. In most thermodynamic conditions, microphysical interactions (molecular collisions, magnetic spin coupling, gas-liquid density equilibrium) are short range. However, at 'critical' values of thermodynamic parameters, the effective interaction range can become effectively infinite (Binney et al. 1995; Kadanoff 2000) . The ability of elements within a physical system to organize structures over arbitrarily long distances led to a phenomenological spatial correlation function x(r)=r x1 exp(xr / j) as a function of correlation distance r and correlation length parameter j. The essential advance was to argue that the correlation length between gas and liquid density spatial fluctuations was a function of system temperature such that the correlation length became unbounded at temperatures near to the critical-point temperature T crit : j31 /d|TxT crit |p?. For instance, near the triple point of water, density fluctuations in the gas-liquid system are observed to become arbitrarily large, and the spatial correlation of density fluctuations of the gas-liquid system reduces to the power-law form, x(r)=r x1 , with the correlation scale-length j eliminated as a physical parameter. Thermodynamic critical-point phase-transition phenomena such as ferromagnetism, binary liquid opalescence, superfluidity, and superconductivity are observed to behave similarly (Binney et al. 1995) . Scattering observations, for example neutron scattering in ferromagnets and optical scattering in opalescent fluid mixtures, indicate that power-law spatial correlation functions are characteristic of the critical-point thermodynamic state (Kjems 1991; Binney et al. 1995) . A percolation fracture-density model for crustal heterogeneity is conceptually the simplest realization of the abstract theory of critical phenomena (Binney et al. 1995) . In direct analogy to the argument made by Landau & Lifshitz (1958) and given explicitly by Kadanoff et al. (1967) , Leary (1997 Leary ( , 1998 substituted percolation defect density P in analogy with thermodynamic temperature to explain well log 1 / k scaling spectra. This substitution allowed the spatial correlation length of characterizing rock heterogeneity to be expressed as j31/ d|P -P crit |, where P crit is the critical-point defect density at which a long-range percolation network spanning the physical dimension of the percolation system is essentially 100 per cent probable. The critical behaviour of percolation systems has been widely investigated (Feder 1988; Stauffer & Aharony 1994; Jensen 1998) .
In analogy with neutron and optical scattering data for ferromagnetic and opalescent fluid fixtures, Leary (2002) showed that the temporal spectra of seismic coda waves recorded deep in crustal rock (Leary & Abercrombie 1994a,b) are explained by seismic scattering in 1/k-scaling spatial fluctuations of elastic parameters recorded in a deep crustal well in crustal granites (Leary 1991) . The concept of infinite correlation length for crustal rock percolation systems yields the power-law-scaling correlation function x(r)3r
x2 and its frequency-domain dual the Fourier power spectrum S(k)31/k appropriate for crustal rock.
The phenomenology of 1 / f spectral scaling of temporal noise sequences is as widely observed as critical-state thermodynamic systems, but has yet to receive a definitive physical treatment (Montroll & Shlesinger 1983; Mandelbrot 1999; Kogan 1996) . It is, however, difficult to believe that the physics of long temporal scale-lengths is fundamentally unrelated to the physics of long spatial scale-lengths, particularly as 1 / f spectral scaling appears to be equally generic; that is, observed in widely disparate physical systems: electronic noise (Kogan 1996) and fluid turbulence and information systems (Mandelbrot 1999; Davis et al. 1994) . There seems to be little reason to doubt the underlying physical significance of well log and well core evidence for power-law scaling in crustal rock, or to ignore its statistical implications of an infinite correlation length for modelling reservoir heterogeneity.
